W ith recent findings of high levels of lead in the drinking water in Flint, MI and in schools in several urban districts, attention has focused once again on the dangers of lead poisoning. While child blood lead levels have declined dramatically over the past 30 years, current estimates suggest that 4.5 million households in the United States are exposed to high levels of lead and that half a million preschool aged children have elevated blood lead levels (BLLs). The US Public Health Service recently included the elimination of elevated blood lead levels as a goal in Healthy People 2020, the ten-year national objectives for improving the health of all Americans.
W ith recent findings of high levels of lead in the drinking water in Flint, MI and in schools in several urban districts, attention has focused once again on the dangers of lead poisoning. While child blood lead levels have declined dramatically over the past 30 years, current estimates suggest that 4.5 million households in the United States are exposed to high levels of lead and that half a million preschool aged children have elevated blood lead levels (BLLs). The US Public Health Service recently included the elimination of elevated blood lead levels as a goal in Healthy People 2020, the ten-year national objectives for improving the health of all Americans.
There is strong neurobiological and epidemiological evidence of a relationship between early exposure to lead and future negative cognitive and noncognitive outcomes. However, the epidemiological evidence is correlational, and almost all of it is based on studies of children with much higher blood lead levels than are common today. The CDC lowered the threshold for children to receive case-management services from 10 to 5 ug/dl in 2012 (CDC 2013) . It is unclear to what extent children with blood levels that are detectable but below this threshold are being harmed. These children form the majority of children in our sample who have detectable blood lead levels.
One reason for the lack of evidence on this point is that it is rare to have longitudinal data linking preschool BLLs with future test scores. An additional difficulty for identifying the effects of lead is that even with such data, at least some of the measured correlation between blood lead levels and outcomes could reflect omitted characteristics of households that are independently correlated with negative child outcomes. Confounding arises from the fact that children with higher lead levels are more disadvantaged. They are more likely to come from minority groups, to be poor, to live in single parent homes, and to have less educated mothers. Such a bias would tend to cause researchers to overstate the dangers of small amounts of lead.
A second problem is that blood lead levels are imperfectly measured and it may be necessary to measure frequently in order to capture harmful exposures since lead does not remain in blood but is deposited in hair, bones, and other body organs. Measurement issues of this type add random noise to lead measures that could lead to underestimates of the effects of lead exposure.
Our study addresses these weaknesses in the literature using a unique dataset that we constructed for the state of Rhode Island. We start with all children who were born between January 1997 and September 2005 whose BLL was measured at least once before age six. Rhode Island had a particularly aggressive program of testing for lead, and 80 percent of all three-year-old children in the state have at least one BLL measurement. Most have repeated lead measures (an average of three tests per child). We are able to match information on preschool blood lead levels from the Rhode Island Department of Health (RIDOH) with the child's test scores from the Rhode Island Department of Education (RIDE) in order to examine the effects of preschool blood lead levels on third grade math and reading test scores.
We are able to control for many possible confounders associated with neighborhoods and schools by including census tract fixed effects as well as measures of average test scores in the child's own school and grade. In order to deal with residual confounding as well as errors in measured lead exposure, we develop two instrumental variables methods. The first exploits the fact that for most children we observe multiple measures of blood lead. If we regard each as a noisy measure of the child's true lead exposure and assume that the measurement errors are uncorrelated, then we can instrument one measure with another in order to develop an estimate that is purged of measurement error.
The second strategy is based on policies implemented in Rhode Island in 1997 that required landlords to ensure that rental homes were free of lead hazards. These policies were adopted following statements from the Centers for Disease Control in 1997 urging states to prioritize lead testing and remediation that targets children at the highest risk (Jones et al. 2009 ). Neighborhoods with a greater share of old housing (one of the primary sources of lead paint in Rhode Island), and with higher initial child lead levels (as measured in 1997), witnessed the biggest gains in the number of lead-safe certificates issued, and the biggest reductions in child lead levels. These
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neighborhoods were also predominantly African American and poor and remained so after the lead clean-up. Since the policies were rolled out in a targeted way, we construct instruments by modeling the probability that a child's home was certified at the time of birth as a function of the number of certificates that had been issued in their census tract as of their year of birth, as well as family characteristics, and tract, year, and month of birth fixed effects. We then use these models to predict the probability that a child's home was certified at the time of birth, and use this predicted probability as an instrument for a child's lead level. By using the predicted certification measure we use all of the available information about certification in the census tract, abstract from the individual family's decision to take up the certificate program (which may be endogenous), and base our estimates on the availability of the program in their census tract. We also demonstrate that the program successfully targeted poor and minority areas and that it did not result in gentrification of these areas.
Both IV strategies yield estimates that are considerably larger than OLS, suggesting that measurement error is a real concern. The first IV strategy suggests a one unit increase in a child's average blood lead level leads to a 0.96 percentage point increase in the probability of being "substantially below proficient" in reading on a baseline of 12 percent. 1 The comparable figures for mathematics scores are a 0.79 percentage point reduction on a baseline of 16 percent. The estimates from the second IV strategy are considerably larger but also noisier so that we cannot reject the null that confidence intervals encompass both the OLS and first set of IV estimates. However larger point estimates are consistent with the fact that the certificate programs targeted poor and minority children who were most at risk of harm from lead exposure.
The rest of this paper is organized as follows. We first provide an overview of some of the previous research about the prevalence and effects of lead poisoning and background information about lead remediation in Rhode Island. This is followed by an overview of our data and estimation strategy, and then by the main results and conclusions.
I. Background

A. Lead poisoning and the measurement of Lead in US children
Lead has no biological value and is toxic to the human body, regardless of the pathway of exposure (ingestion or inhalation). Lead is toxic because of its ability to inhibit or mimic the actions of calcium, thereby affecting all calciumdependent biological processes. Many body systems including the renal, endocrine, and cardiovascular systems are affected by lead exposure, but the nervous system appears to be the most sensitive target. Within the brain, exposure leads to brain damage in the prefrontal cerebral cortex, hippocampus and cerebellum (Finkelstein, Markowitz, and Rosen 1998) . Neurodevelopmental studies show that infants, children, and the developing fetus are at the greatest risk of toxicity (National Research Council 1993) . This sensitivity is due to the fact that young children are more likely to ingest lead, and ingested lead is more likely to be absorbed from the gastrointestinal tract of children. Moreover, conditional on absorption, lead is more likely to affect the developing nervous system than the mature brain because the so-called "blood-brain" barrier is less effective in young children than in adults (Lidsky and Schneider 2003) .
The negative health effects of lead ingestion have been known since at least Roman times. But until the mid-twentieth century, health officials considered only severe cases of lead poisoning to be harmful. In the 1960s, medical professionals recognized that less acute lead exposure also had harmful effects and began characterizing lead poisoning as epidemic (Berney 1993) . In 1970, the US Surgeon General issued his first formal statement on lead poisoning, naming it a national health problem (US Deptartment of Health, Education and Welfare 1971). Since then, American children's exposure to lead has declined dramatically, due largely to two major regulatory changes involving the elimination of lead from gasoline and from household paint.
2 Coincident with this decline, the share of preschool age American children with blood lead levels in excess of 10 micrograms per deciliter (ug/dl) has likewise declined from 8.6 to 1.4 percent over the period 1988 to 2004, with declines across all groups, but especially for historically high-risk groups of children (Jones et al. 2009 ). Note that since 10 ug/dl was the "threshold for concern" over much of this period, lower levels of exposure were not tracked and we therefore know little about trends at the low end of the distribution of exposure.
Despite substantial progress, lead has remained a significant hazard especially in urban areas due to geographic concentrations of lead paint in deteriorating older homes, residual lead in soil at former industrial sites, and residual lead in soil near high traffic areas (Lanphear et al. 1998; Levin et al. 2008) . Even conditional on living in an urban setting, there may be important differences in exposure to lead by socio-economic status, which could potentially confound the estimated effects of lead exposure. For example, the hazards associated with lead-based paint can be reduced by painting over old paint and ensuring that living areas are free of paint chips and dust. To the extent that more educated or wealthier families are more likely to take these precautions, similar exposures to old housing within an urban area are more likely to more negatively affect the most disadvantaged.
For both these reasons, disparities in child BLLs by race and income remain, with African American and poor children two to three times as likely to have elevated lead levels, defined as above 5 ug/dl (CDC 2013).
3 As we will see below, disadvantaged children are also more likely to have detectable lead levels that fall below the 5 threshold. And conditional on exposure, more disadvantaged children may receive less effective remediation both at home and at school. Thus, the impact of the same exposure could well be different for different children. 2 The key regulations and legislation that reduced exposure to lead included the 1970 Lead Paint Poisoning Prevention Act, the Clean Air Act, and Environmental Protection Agency rules regarding leaded gasoline.
3 Based on analysis of the 1999-2002 NHANES, the CDC reported that the average blood level for children aged 1-5 was 1.9 ug/dL, but for African American children this figure was 50 percent higher (2.8 ug/dL) and 30 percent higher for low-income households (2.5 ug/dL) (CDC 2005).
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How many children suffer from low but detectable levels of lead exposure, and how much such exposure has affected their outcomes is not easy to determine. The best national data on exposure comes from the National Health and Nutrition Examination Survey (NHANES), which draws venous blood from a nationally representative cross-sectional sample of children. Unfortunately, the cross-sectional nature of this dataset does not allow an examination of the relationship between preschool blood lead levels and later child outcomes. A difficulty with having only a single measure of blood lead (as in the NHANES) is that the half-life of lead in blood is relatively short (36 days). As such, BLLs only capture very recent exposure and will not necessarily capture the amount of lead that has settled in body organs and bone. 4 Hence, a single blood lead measure may be an unreliable indicator of lead exposure.
A second measurement issue making multiple measures per child useful is that error can arise from contamination of the blood sample especially when the sample is a capillary sample (also known as a finger prick). Capillary samples are common due to their lower expense and degree of discomfort to the child. Even without contamination, there is significant error in measurement, with greater error characterizing capillary measures. According to the CDC, the "ratio of imprecision to measurement value, particularly at BLLs <10ug/dL, is relatively high" (CDC 2002).
5
Measurement error can lead to considerable attenuation bias in the estimated effect of lead, as we demonstrate below. These considerations mean that having repeated measures for most children is a signal advantage for our study. Our study contributes to a large literature on effects of lead, much of which is correlational, and almost all of which focuses on children with relatively high levels of blood lead. Chandramouli, Ellis, and Emond (2009) ; Canfield et al. (2003) ; Lanphear et al. (2005) ; Nigg et al. (2010); and Wasserman et al. (1997) all document a significant correlation between lead levels less than 10 milograms per deciliter (ug/ml) during childhood and cognitive and behavioral outcomes including ADHD and hyperactivity. McLaine et al. (2013) analyzes the Rhode Island data used here and shows an inverse relationship between blood lead levels and school readiness. Among children with BLLs below 5, 68 percent scored above the benchmark levels, while among children with a BLL of at least 10, only 49 percent exceeded the benchmark. However, among the children with BLLs below 5 (the majority of the sample with detectable BLLs), to date we have little idea of the correlation between lead and outcomes.
There are several studies by economists examining the causal relationship between lead and outcomes. Rao, Reyes, and Urzúa (2015) estimate the impact of a child's proximity to a toxic waste site contaminated with lead on future academic achievement in Chile. Some of the best known studies examining the effects of high lead levels are based on cohort-level analyses of historical data. For example, Ferrie, Rolf, and Troesken (2012) exploit variation in the use of lead water pipes across time and place in the early part of the twentieth century to estimate a negative relationship between exposure to leaded water and later intelligence test scores among World War II (WWII) army enlistees. Other studies use a similar research design to link declining lead levels in US children in the 1970s and 1980s after the de-leading of gasoline to the dramatic declines in crime witnessed since the mid-1990s (see Masters, Hone, and Doshi 1998; Reyes 2015a; Nevin 2000 and 2007; Mielke and Zahran 2012; and Grönqvist, Nilsson, and Robling 2014) . Reyes (2015b) also links these declines to increases in test scores. Billings and Schnepel (2015) take advantage of the measurement error in blood lead levels and a similarly comprehensive dataset in order to evaluate the effects of intensive intervention among children who were lead poisoned in North Carolina. Children with two consecutive BLLs over 10 micrograms per deciliter were eligible for the intervention program, whereas children with levels just below these cutoffs were not. The mean BLLs for children in their treatment group were 17.9 compared to 12.09 for their control group. Nevertheless, the children in the treatment group experienced large declines in antisocial behavior relative to the control group. They also experienced large, but only marginally statistically significant gains in an index of educational performance. Baseline reading (math) test scores in the lead poisoned groups were about two-thirds (half) of a standard deviation below normal levels.
As we will show below, the mean lead levels in the Billings and Schnepel study are far above the mean lead levels found in Rhode Island children. This is typical of the literature, which has focused (understandably) on the most severely affected children. We know almost nothing about how the relatively low levels of lead that are still found in many young children's blood affect their outcomes. Answering this question is a primary goal of this study.
B. Lead mitigation policies in Rhode Island
Rhode Island, and particularly its urban areas, is characterized by old housing, with much of it (43 percent) built prior to WWII, and therefore containing high concentrations of lead paint. As a result, many of the state's children are exposed to lead through deteriorating lead-based paint, with minority and low-income children disproportionately exposed. 7 As is the case nationally, this disproportionate exposure is due largely to the residential segregation of the poor, and especially of African Americans, in the four core urban areas of the state located within Providence County (Appendix Table 1 In an effort to reduce childhood exposure to lead, in 1997 Rhode Island established two programs to encourage mitigation of lead hazards in old homes. The first required all owners of homes in which an elevated lead level was found to mitigate such hazards. Once the home was mitigated, an inspection would be performed, and the Department of Health (DOH) would issue a certificate. Noncompliant landlords were referred to the state Attorney General for prosecution. The second program was administered by the Rhode Island Housing Resources Commission (HRC) and required all landlords to mitigate lead hazards in the homes they rented-regardless of whether an elevated lead level had been reported. It is important to note that the standards of the HRC certifications were considerably lower than those of the DOH. When confirmation of mitigation was received, a lead-safe certificate was issued.
The state provided landlords with training in the importance of lead hazard mitigation, information, and training on how to reduce lead hazards in the homes in the least costly manner, and even provided low interest loans to landlords to help them comply. The state targeted this outreach to the communities with the oldest housing stock and the highest child blood lead levels. These areas were often those in which the families were the most disadvantaged. Few resources were devoted to enforcement and though noncompliance was illegal, landlords were typically not penalized for noncompliance. However, landlords who did not have a lead-safe certificate could be sued in civil court if children living in their homes were found to have elevated lead levels.
Over the period 1997 to 2010, the total number of lead-safe certificates issued to landlords increased from 333 to 47,734 (Appendix Table 2 ). Of these, 31,104 were HRC certificates indicating a regulatory approach that was, in practice, far more likely to involve carrots (e.g., training and assistance to landlords to help them to comply in addition to protection against civil suits) than sticks in the form of potential prosecution by the state Attorney General.
Individual blood lead levels generally declined in a household after a certificate has been issued (Rogers et al. 2014) . The program was relatively inexpensive with annual government spending of approximately a half a million dollars for FY2014. If we assume the same level for each year of the program (which is an overestimate given the program ramp up in the early years), the total cost to government would be about $4 million. Figure 1 plots the number of certificates issued in each census tract by 2010 as a share of the pre-1978 housing stock. The figure demonstrates the uneven distribution of certificates across the state. The program did successfully target neighborhoods at highest risk of lead poisoning. The census tracts that experienced the greatest increase in certificates issued per capita were characterized by older housing stock, a greater share of children with high lead levels in 1997, a greater share of poor families, and a higher share of African-American families, as shown in Figure 2 , which plots the number of certificates per capita in 2010 against these characteristics of census tracts as measured in 1997. Similarly, Figure 3A examines pre-trends in important variables prior to the start of the certificate program. The figure shows that there was no relationship between the number of certificates received by 2010 and changes in the share of the census tract that was African American or the share of the census tract that was poor between 1990 and 2000. The third panel of the figure shows that tracts that received many certificates were actually more likely to have had declining income in the pre-period, a trend that would have been expected to be associated with lower test scores, other things being equal.
Neighborhoods with a greater increase in certificates per capita did not appear to gentrify after the program, as evidenced by similar trends across neighborhoods in the share black and the share poor, as well as in median house prices ( Figure 3B ). The decline in median income witnessed in the pretreatment period persisted after the certificate program was introduced. 9 The lack of gentrification is not surprising. The majority of certificates issued during our time period were from the Housing Authority (not the Department of Health) and rarely required large renovations. 9 Housing price data by zip code comes from Zillow. Housing price data by zip code is not available prior to 1997. 
II. Data and Trends
A. Sources of data
Our sample consists of all children born in the state of Rhode Island between January 1997 and September 2005, who have data on at least one BLL measure before the age of six, and who are enrolled in any Rhode Island public school. Note that BLL is not generally measured in children over six. The data on BLLs comes from the Rhode Island Department of Health (RIDOH) and includes the age at each test, the test method (capillary or venous), the census tract where the child lived at the time of the test, and the BLL. Educational outcomes come from the Rhode Island Department of Education (RIDE) and include NECAP 10 scaled test scores in third grade, gender, race, ethnicity, and school lunch (free or reduced) status. The third source of data are birth certificates of children born in Rhode Island, which we have for 85 percent of our sample (the remainder moved to the state as young children.) We impute data for the children with missing birth certificate data in our main results, and also show results excluding these observations as a robustness check. These data include maternal education, marital status at birth, and the child's birth order and birth weight. Since confidential versions of these data contained information about the child's address at each blood test, we were able to merge these 
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data with data collected on whether and when a lead-safe certificate was issued for a given dwelling.
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The final sample includes roughly 71,000 Rhode Island children born between January 1997 and September 2005 with linked BLL and educational test score data. Details on construction of the sample can be found in Appendix Table 3. 12 Compared with a national lead screening rate of only 25 percent, 80 percent of all children with a Rhode Island birth certificate are screened at least once, and the screening rate remained constant throughout the study period, suggesting that the demographics of children screened also likely remained constant. Figure 4 shows that increases in the number of certificates issued were not accompanied by increases in lead screening rates.
Using vital statistics data to compare the maternal characteristics (race, education, and marital status) of children with a blood lead level (80 percent) to those without a blood lead level (20 percent), we find that those with at least one lead screen are slightly more disadvantaged along most measures, with the exception of birth weight, which is the same for the two groups. Appendix Table 3 also shows that among those with a lead level, those matched with RIDE data are slightly more disadvantaged than those who we were not found in RIDE data (presumably because they attended private school). However, children with matched lead-RIDE data are representative of all children in the RIDE data (that is of all public school students). Table 1 provides an overview of our data, for the whole sample and for various subsamples. Children have on average 2.7 BLL measures over the first 72 months of 11 This merge was performed by the Providence Plan. We were provided with a de-identified analysis file that excluded child name and address.
12 In addition, we drop approximately 7,000 children with matched birth, BLL, and test score data because they are missing census tract-level measures that we use as controls in our estimation models. life, after which they are typically not tested. 13 Minority and disadvantaged children receive more tests, suggesting that they may be more likely to have high BLLs that call for further monitoring. In some of our analyses, we construct a single measure of BLLs using the geometric mean, reducing the influence of outliers. This procedure is consistent with the existing literature.
The mean BLL is 3.1, which is well below the CDCs threshold for medical intervention of 5 micrograms per deciliter. African American and Hispanic children both have higher mean levels, as do children who always receive free school lunch (4.2, 3.6, and 3.9, respectively).
14 Minority children are also more likely to have high mean scores, with 30 percent of African American, 23 percent of Hispanic, and 27 percent of always free lunch children having levels above 5 (compared to 14 percent of white children). The corresponding numbers for mean levels above 10 micrograms per deciliter are 5, 3, and 4 percent, respectively. Note that it is not at all unusual in Rhode Island for a child to have a single BLL above 5 or even above 10 micrograms per deciliter-overall, 40 percent of children have at least one 13 When there is a capillary and venous sample available for the same month, we drop the capillary measure because the venous one is likely to be more accurate.
14 Of course there is considerable overlap in minority and free lunch status with 56 percent of African American children and 61 percent of Hispanic children being always eligible for free lunch. measure above 5 and 9 percent have a measure above 10. The discrepancy between single measures and mean measures likely reflects considerable measurement error in the tests. Academic test scores range from 0 to 80, with an average score of 45.5 for reading (standard deviation of 13) and 42.2 for math (standard deviation of 13). In addition to the average scores, it is helpful to think about whether children are meeting minimum levels of proficiency in these academic subjects. Focusing on the lower tail of the distribution can also help to reveal heterogeneous impacts of lead exposure, with possibly greater effects on the children who are more likely to have low test scores to begin with. Twelve percent of children were "substantially below proficient" (defined as a score less than 30) in reading, and 16 percent in mathematics. Again, there is considerable variation by race, ethnicity, and free lunch status with, for example, the fraction of children who are substantially below proficient in reading reaching 19 percent for African Americans, 22 percent for Hispanics, and 21 percent for children who were always eligible for free lunch.
Seventeen percent of the children live in a home that received a lead-safe certificate at some point during our sample. (We consider all of the certificates together here and below unless otherwise specified). This fraction is much higher for poor and minority children at 31 percent for African Americans, 35 percent for Hispanics, and 32 percent for children who were always eligible for free lunch. These numbers suggest that the certificate program had significant penetration and that it was in fact targeted at the areas with the highest initial lead burden. The number of children whose homes had received a lead safe certificate at the time of their birth is smaller, reflecting the fact that the first birth cohorts in our data had almost no exposure to the certification program.
The rest of Table 1 summarizes characteristics drawn from the birth certificate data and shows that in addition to having higher BLLs, poor and minority children had lower birth weight, and mothers with less education. Since both of these factors have been independently shown to be associated with lower children's test scores, the table shows the potential for confounding of the relationship between BLLs and children's test scores. Table 1 provides a static picture. There were, however, dramatic reductions in blood lead levels in a very short period of time. Figure 5 shows the distribution of a child's average BLLs for the cohorts born in 1997 and 2005. Clearly, the whole distribution shifted to the left, with a virtual collapse in the part of the distribution above 5 milligrams per deciliter. This shift is laudable but makes it more urgent to understand the burden of low lead levels. Table 2 therefore focuses on changes in BLLs, exposure to the housing certificate program, and test scores between the first and last birth cohorts in our data. The first two columns indicate that blood lead levels declined by 42 percent relative to base levels in eight years. This is a very rapid decline, which we attribute in part to the introduction of the lead-safe certificate program. Consistent with this interpretation, the next two columns show that the fraction of children with a certificate in place at the time of the birth increased dramatically among children in the most disadvantaged groups. For example, in the 1997 birth cohort only 2 percent of sample African American children lived in a home that had been certified lead-safe at the time of their birth; by 2005, 12 percent of sample African American children lived in a home that had been certified as lead safe from the time of their birth.
Third grade test scores rose across birth cohorts in all demographic groups, while the fraction scoring substantially below proficient declined. However, the gains were greatest in the groups that were most affected by the certificate program and showed the greatest declines in BLLs. For instance, among children who never participated in the free lunch program, reading test scores rose by 5.9 percent and the percent who were not proficient in reading fell from 6 to 4 percent. Among children who were always eligible for the free lunch program, reading test scores rose by 11.2 percent, and the percent who were substantially below proficient in reading fell from 27 to 18 percent, a remarkable improvement. Of course these gains might have been caused by other changes targeted at poor and minority children; the most likely alternative candidate is targeted educational policies. Hence, in our models we will also show estimates controlling for third grade reading scores in the child's school and cohort, which should capture other efforts targeting children in these neighborhoods and schools.
III. Estimation Strategy
A. Lead Levels and Future child cognitive Achievement-oLS Estimates
We wish to estimate the impact of preschool lead levels on future academic achievement as measured by test scores. We begin with estimates of the following equation:
(1)
where y i is the scaled reading or math test score in grade 3, or an indicator equal to one if the child was substantially below proficient in one of these subjects. The 
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variable Lead i is the geometric mean of the multiple BLLs taken for each child. The vector X c includes the child's race (indicators for white, black, Hispanic, Asian, and other), birth weight, gender, and a measure of the child's free/reduced lunch status (always free lunch, sometimes free lunch, never free lunch). The vector X m includes maternal educational attainment (indicators for less than high schoool, high school, and some college or more), and marital status at birth. 15 The vector X n includes time-varying neighborhood (census tract) characteristics from census data including the share poor, median family income, and the share of housing units built post-1978. 16 All variants of this model include τ t , a vector of year of birth and month of birth fixed effects. We estimate versions of this model with and without τ n , a vector of census tract fixed effects. As we will see below, adding the census tract fixed effects has little impact on the estimated effects of lead once individual-level variables are included in the model suggesting that there may actually be little residual confounding due to omitted variables bias in this instance.
B. Instrumental Variables Strategies
As discussed above, estimation is complicated by the fact that there may be considerable measurement error in blood lead levels. In order to explore the importance of this feature of the data, we follow Ashenfelter and Krueger (1994) and Chalfin and McCrary (forthcoming) , who have multiple measures of their variables of interest and use one measure as an instrument for another in order to estimate the degree of measurement error and the extent of downward attenuation bias in OLS estimates of education on earnings and police on crime, respectively.
In our context, there are multiple ways in which this strategy can be implemented. For example, we can estimate models using the subset of children who have both venous (less noisy) and capillary (more noisy) measures, and using the former as instruments for the later. We also estimate models in which we instrument a randomly chosen test result for each child using the mean of the other available tests. Although our multiple measures of child lead exposure were taken at different times and may capture differences in the child's underlying lead levels, each measure can still be interpreted as an (imperfect) measure of the underlying level of lead exposure during early childhood. And because the source of the measurement error is the inexactitude of the tests, and the plausibly random variation in the length of time between an exposure and a test, we believe it likely that measurement errors in subsequent tests for the same child will be largely uncorrelated. The results of these estimations suggest that measurement error is a considerable problem and that it tends to lead to significant attenuation in the estimated effect of lead exposure on test scores.
As discussed above, we also pursue a second instrumental variables strategy. For each child we know whether their place of residence during their preschool years had received a lead-safe certificate as of their birth date.
17 Issuance of a certificate indicates that any lead hazard in the home had been mitigated, so it should be 15 Because children who were not born in Rhode Island do not have data from birth certificates (birth weight and maternal education), we impute the average birth weight and maternal education for these individuals and include indicators for imputation. 16 We use linear interpolations between census years for other years. 17 We have the address (and date) at each blood test. We do not know for certain where the child was living between each of these dates. We use the address as of the first test, rather than the address at each test in order to avoid biases due to endogenous mobility. In the robustness section below, we discuss estimates in which we try to impute lead exposure based on each address. In practice, this measure of lead exposure is highly correlated with the one based on address of first test, which is not surprising since 57 percent of the sample do not move between tests and those who do move apparently tend to move to places with similar lead hazards.
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associated with lower BLLs. However, whether a particular residence receives a certificate or not is at least partly endogenous. We measure the presence of a certificate in the home as of the date of birth of the child so that certificate status cannot be a function of the child's preschool lead level (i.e., parents with a child with an elevated lead level might seek out a home with a certificate and we want to rule that out), it might still be the case, for example, that among otherwise similar parents, those who seek out lead testing and lead mitigation are also more likely to have children with higher test scores. Hence, rather than using the actual measure of whether there was a certificate or not in the child's home as an instrument, we construct a predicted certificate measure based on census-tract level measures of the number of certificates issues in the tract in the last five years and observable characteristics of the child and family. By using the "predicted certificate," we purge the instrument of any potential endogeneity associated with the take-up decision. The prediction equation takes the form:
Here certificate@Birth i indicates that the child lived in a house that had been certified lead-safe as of the time of the child's birth and Certificates nt−5 is a vector of census tract-level measures of the availability of the certificate programs as of the child's year of birth (as measured by the number of certificates issued in the past five years divided by the number of old homes in the census tract, excluding the focal child's). The variable Evercertificate i is an indicator equal to one if the child's home ever received a certificate. We include this indicator in order to control for the fact that some homes require lead remediation while others do not, and given that it is a proxy for low quality housing, it is included in the second stage as well. By including this variable, we are focusing on the timing of the certificate intervention-conditional on the house needing and eventually receiving remediation, was the remediation done in time for this particular child to benefit? The other variables are as defined above and include child, mother, and census tract characteristics as well as year, month, and census tract fixed effects. Importantly, the instrument, predicted certificate, is not a function of µ i , the unobservable characteristics of the child or family that influence certificate take-up and that might also be correlated with test scores. Having constructed the predicted certificate instrument, we proceed with instrumental variables estimation. The first stage is given by
where certificate@Birth i ⁎ is the predicted value of certificate@Birth i generated by equation (2). In addition to the overall first stage, we show estimates of this equation separately for racial groups and by free lunch status in order to demonstrate that the certificate program had larger effects on disadvantaged children. To address concern that the areas of the state that received more certificates are the most disadvantaged and that schooling inputs in these neighborhoods may have increased over this period, we also show estimates that include a control for the average third grade reading test scores in the child's school (calculated as the leave out mean, i.e., leaving out the index child in each case, for all children with third grade test scores in the same school and cohort). To address concerns that these unobserved improvements occurred not within the school but in the neighborhood, we also estimate models including a linear trend for each initial 1997 census tract reading score. This control is intended to capture the idea that tracts that started with the lowest scores may have improved the fastest because of other unobserved investments targeted to these tracts.
IV. Results: Effects of BLLs on Third Grade Test Scores
OLS estimates of the effect of preschool BLLs on third grade test scores are shown in Table 3A (for reading) and Table 3B (for math). The first column shows estimates that control only for gender, race and free/reduced lunch status (that is, the information available from the Rhode Island Department of Education). The second column adds information obtained from the birth certificate, as well as time varying census tract characteristics. These additions reduce the estimated effects of lead from −0.456 per unit of lead to −0.326 for reading and from −0.348 to −0.216 for math, suggesting that confounding could be a concern in studies with inadequate controls for family background.
Columns 3, 4, and 5 add census tract fixed effects as well as school-and gradelevel measures (column 4) and linear trends in the 1997 census tract test scores. These additions have relatively little impact on the coefficient estimates, providing some reassurance that bias due to omitted confounders may be small in models with this rich set of controls.
18 This finding is consistent with a meta-analysis of eight studies conducted by epidemiologists in which they reported that adding more family controls to a relatively parsimonious set (maternal schooling and IQ, the HOME score, birth weight, and city) did little to alter the relationship between lead and IQ in children (Rothenberg and Rothenberg 2005) .
The estimated effects of lead in these models are strongly statistically significant but relatively small. The column 3 estimates suggest that a 1 point increase in mean BLLs is estimated to reduce reading scores by −0.335, and math scores by −0.220. The finding of larger effect sizes for reading relative to math is consistent with some epidemiological studies that have also documented stronger relationships between lead and verbal functioning (e.g., see Bellinger, Stiles, and Needleman 1992 as an example and CDC 2004 for a review of estimated effects of lead on verbal IQ and performance IQ). However, as discussed above, results for both reading and math may well be underestimates of the true effect given the difficulties of properly measuring lead exposures from BLLs. Table 4 explores the issue of measurement error in these data. The first two columns focus on the subset of 12,002 children who had both capillary and venous tests. Venous tests are known to be far more accurate than capillary (finger prick) tests. Consistent with this, we see that estimating the effects of lead using the average of all capillary tests (column 1) produces a much lower estimate of the effect of lead than using the average of all venous tests (column 2).
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Columns 3 and 4 demonstrate this measurement error issue in another way, using the subsample of 54,491 children who had more than one test. Column 3 shows estimates based on a single randomly drawn test. Column 4 shows estimates based on the average of all other tests. The latter are somewhat larger in absolute value than those in column 3 consistent with averaging reducing the effects of random measurement errors.
19
19 These results are consistent with an epidemiological study comparing the relationship between more noisy (blood lead) and less noisy (bone lead) measures of child lead exposure and child IQ, which found a stronger relationship for the latter (Wasserman et al. 2003) . notes: Standard errors clustered on census tract are shown in brackets. Sample for columns 1-2 is limited to children from whom there are both capillary and venous measures of blood lead levels. Sample for columns 3-4 limited to children with at least two blood lead tests. All models include census tract, year of birth and month of birth FE, as well as all other covariates listed in Table 3 , column 3.
Given two noisy measures of the same underlying concept, and assuming that the measurement errors in the two tests are independent, we can use one set of tests as an instrument for the other set of tests, as is done Table 5 . Here, we focus on instrumenting one random lead measurement with the average of the remaining estimates. The first column of Table 5 shows OLS estimates based on the same specification as column 3 of Tables 3A and 3B, but using the smaller sample of children with at least two tests. In addition to showing estimates using the continuous test scores as dependent variables, we also examine the probability that the child is below the proficiency standard in reading or math. The point estimates in this sample are smaller than those shown in the full sample and based on the geometric mean (Tables 3A  and 3B ), consistent with an average being less noisy than a single measure.
The IV estimates shown in Table 5 , column 2 are much larger than the OLS estimates. For reading the estimated coefficient rises from −0.186 to −0.442; for math the value rises from −0.124 to −0.305. The estimated increase in the probability of being less than proficient rises from 0.47 percentage points to 0.96 percentage points in reading. The corresponding increase for math is from 0.38 to 0.79. These notes: Standard errors clustered on census tract are in brackets. Instrument for child's lead level is the average of the child's other blood lead levels. All covariates in Table 3 , column 3 also included.
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are relatively large effects compared to the baseline rates of 12 and 16 percent below proficiency in these subjects. Column 3 probes the robustness of these estimates to the inclusion of additional controls. We add the average score in the grade and school (leaving out the index child's score); the percentage of children who were below proficiency in the grade and school (again leaving out the index child), a race-specific linear time-trend and a free lunch-specific linear time trend (to account for changes in education policy that might have had a differential effect by race or income). These additions attenuate our estimates only slightly.
As discussed above, our second instrumental variables strategy relies on the introduction of the lead-free certificate programs. Whereas the first strategy estimates the average effect of lead in all children with multiple lead measures, an instrument based on the certificate program will estimate the effect of lead on the children most likely to be impacted by the program. The same "dose" of lead could have larger effects on these poor and minority children if their families and schools are less likely to be able to remediate the effects of lead. Table 6 shows three different models of whether the child's preschool home had a lead safe certificate at the time of the child's birth (estimates of equation (2)). Column 1 has the total number of certificates, and the number of certificates squared. Column 2 includes interactions of the total number of certificates with the characteristics of the household, allowing for the fact that different types of households might be more likely to receive certificates within a census tract. Column 3 differentiates between the two types of certificates.
All three specifications show that census tract-level measures of certificate program activity are strongly predictive of whether there was a certificate in the child's preschool home as of the child's birth. The interactions in column 2 further suggest that the total number of certificates in the tract was more highly predictive of having a certificate in the child's home if the child was African American or Hispanic, or always eligible for free lunch. That is, the interactions demonstrate that these children were more likely to be affected by the program even within census tract. Of course, whether the home ever received a certificate over the course of our sample period is also highly predictive as are some of the census tract-level variables such as median family income and the share of newer housing, both of which are negatively associated with having a certificate in the home. Table 7 shows the results of using a predicted certificate measure based on the model in column 3 of Table 6 in the first-stage equation (3). The overall estimated effect of a predicted certificate on blood lead levels is strongly negative, and is much more strongly negative for the groups with high initial BLLs consistent with these groups being the most impacted by the new lead mitigation policies enacted in 1997. Among white children in the 2005 birth cohort, 2 percent lived in a house where a certificate had been issued as of the time of birth. Thus, the overall coefficient of −8.388 suggests that a certificate reduced blood lead levels by only 0.17 micrograms per deciliter. In contrast, among African Americans in the 2005 birth cohort, Table 2 shows that 12 percent of children lived in homes that had been certified by the time of the child's birth. The coefficient of −15.49 for African Americans suggests that blood lead levels would be reduced by almost two micrograms per notes: Standard errors clustered on census tract are in brackets. Outcome is an indicator for whether the child lived in a house with a certificate as of the date of the first blood test for the child. Certificates in tract is the number of certificates in the census tract of the child's home (at the first lead test of the child). In columns 1 and 2, "certificates in tract" refers to the total number of certificates (DOH and HRC, combined) . In column 3, we estimate the effects of the two different certificate types (DOH and HRC) separately.
deciliter in these certified homes. This number can be compared to the coefficient of 1.958 on the indicator for whether the "home ever had a certificate." This comparison suggests that black children in homes that had not yet received a certificate had BLLs two micrograms per deciliter higher than other black children and that this gap was reduced to zero when a certificate was obtained. Table 8 presents IV estimates based on this second instrumental variables strategy. The format is the same as in Table 5 . The first column shows OLS, the second the baseline IV estimate, and the third column probes the robustness of the estimates to the addition of an even richer set of controls.
The second column of Table 8 shows that for reading, the IV estimates are statistically significant and roughly three times as large as the OLS estimates in the first column. They are also about double the size of the corresponding IV estimates in Table 5 . For mathematics, the estimates are unfortunately imprecise, and for both math and reading the confidence intervals encompass both the OLS estimates and the corresponding IV estimates from Table 5 . Thus, we must be cautious in interpreting the large estimated effects for reading scores, though it is possible that the large estimates reflect the larger impact of the certificate program on the individuals most likely to be "treated" by the certificate program.
Hausman tests of the equality of the OLS and the two IV estimates suggest that while estimates based on the first instrument (alternative measures for the same child) differ significantly from the OLS estimates, the confidence intervals are wide enough that the IV estimates based on the certificate program instrument do not differ significantly from the OLS estimates (Appendix Table 4 ). 20 Table 9 probes the robustness of the third grade reading test score results to several changes in sample and specification. About 15 percent of our sample are missing birth information, primarily because they were born outside of Rhode Island. Column 1 of Table 9 shows OLS and the two sets of IV estimates from a sample that 20 Appendix Table 4 estimates all three models using the smaller sample of children with more than one lead test. Table 5 in which whether a child lives in a home with a certificate is predicted as a function of the child's family characteristics and the number of certificates issues in the census tract of residence as of the date of the child's first blood lead test. All covariates listed in Table 3 , column 3 included. excludes these observations. The OLS and first set of IV estimates are quite similar to those reported above. The predicted certificate IV specification is still larger that the first IV specification, but is no longer statistically significant. The second column exploits the fact that for some addresses we observe multiple children over time. Focusing on this subsample reduces the sample size to 26,131 children. Column 2 shows estimates using this subsample and including address fixed effects. Again, the results are remarkably similar to those presented above, although now the IV specification based on predicted certificates is somewhat larger than before.
Column 3 of Table 9 shows estimates using a measure that imputes total lead exposure over the child's preschool years using the lead measures that we have. In order to create this measure we interpolate lead measures for each month of the sample using the nearest adjacent measures to the month in question. 21 While this 21 To construct this measure, we impute each month before the first test to be equal to the value at the first lead test. Similarly, we impute all months after the last test to be equal to the value at the last lead test. For months notes: Standard errors clustered on census tract are shown in brackets. Instrument for child's lead level is whether the child is predicted to live in a home with a lead certificate at the time they were first tested, based on the regression presented in Table 5 , column 2. All other covariates in Table 3 , column 3 also included.
measure should better reflect duration of lead exposure, in practice the measure is very similar to the simple geometric mean (correlation of 0.96). Given this high degree of correlation in the measures, it is not surprising that the OLS estimate based on these imputed values shown in panel A is quite similar to the estimate shown in Table 3A . Since now we have only one imputed measure, this method does not lend itself to our first IV strategy, but the estimate using the predicted certificate instrument is also quite similar to that shown in Table 5 .
between two tests, we impute the value as the average as the two tests. Constructed as such, this measure better reflects duration of lead exposure. notes: Standard errors clustered at the tract level are shown in brackets. Fifteen percent of the children in our sample were not born in RI and therefore there is no natality data available for them. They are dropped in columns 1 and 5. Columns 2 and 6 show estimates for the sample of addresses with more than one child and including address fixed effects. Columns 3 and 7 use an alternative measure of lead exposure: We impute lead levels for months with no lead test based on an average of the two nearest months with measured lead levels. Columns 4 and 8 show estimates based on an imputed lead measure where we give greater weight to measures taken at younger ages (see text for more detail on imputation and weighting methods).
In column 4, we experiment with an imputed measure of lead exposure over the child's lifetime, which weights earlier exposure more heavily than later exposure.
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The OLS estimate is again quite similar to that discussed above, while the IV based on the predicted certificate is much larger than any of the previous estimates. This could indicate that exposure in early life is more harmful than later exposure or it could simply reflect the fact that the instrument is calculated based on the address at the first blood test and thus is more predictive of early BLLs.
The same set of robustness exercises were performed for the third grade math scores and shown in Appendix Table 6 . The OLS and instrumental variable estimates based on multiple measures of lead are roughly similar to, though in some cases smaller than, the main set of estimates presented in Tables 3B and 5 . However, the IV results based on the certificate program, which were already quite imprecise, are generally not robust to the above described modifications to sample or measurement of lead.
With regard to our second instrumental variables strategy, it could be argued that since all the variation in the certificate program is at the census tract level, we could perform the same estimation aggregating the data to that level. This estimation is shown for reading test scores in Appendix Table 5 . The estimated effects are similar but slightly larger than those described in Table 8 . A one unit increase in BLLs is estimated to reduce reading scores by −1.251. However, the effects for math (not shown) are small and imprecisely estimated.
V. Conclusions
Our study contributes to an evolving understanding of the hazards of low levels of lead exposure among young children. It is to our knowledge the first study to utilize a dataset that links preschool blood lead levels in a representative group of all public school children in a state to their future school test scores, and to develop a research design aimed at overcoming threats to inference posed by confounding and measurement error. While the issues associated with confounding have been understood, the literature to date has largely ignored the measurement error problem.
In order to address these issues, we develop two instrumental variables strategies. The first exploits the fact that there are multiple measures of blood lead levels for most of the children in our data. Using this instrument increases the estimated impact of a unit of blood lead on reading (math) from −0.188 (−0.124) to −0.436 (−0.305). These figures suggest that for the average public school child, eliminating lead (by reducing lead levels from 2.7 to zero micrograms per deciliter) increased mean reading and math scores by 1.18 and 0.82 points, respectively, corresponding to 9 and 6 percent of a standard deviation. These are relatively modest gains. However, the effects are larger at the tails of the distribution. The same reduction in lead reduced the probability of being below proficiency in reading by 2.6 percentage points, or 22 percent. For math the comparable figure is 2.1 percentage points or 13 percent. These estimates seem generally consistent with estimates in the epidemiological literature, 22 Weights are the inverse of the number of months from birth. A lead test taken at birth receives a weight of 1 whereas a test taken at 72 months receives a weight of 1/72. All measures are then adjusted so that the average value of the weighted measure is equal to the average value of the unweighted measure.
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though direct comparisons are difficult because of differences in methods, adjustments for measurement error, and the higher lead levels examined in previous work.
23 Table 2 showed that African Americans and children eligible for free lunch experienced greater average reductions in blood lead levels over the period we examine. This may be in part because as Table 7 shows, the lead-safe certificate program had a disproportionate impact on these children. Our second IV method focused on using the certificate program as an instrument, and therefore measures the impact of lead reductions on the vulnerable children targeted by that program. Although these estimates are imprecise, they are substantially larger than those generated by our first IV method, which perhaps provides some preliminary evidence for heterogeneity in the impact of lead. Disadvantaged children may suffer double jeopardy in the sense that they are both exposed to greater levels of lead and experience greater impacts of the same exposure. This question is an important topic for future research.
Appendix 23 Meta-analyses (Lanphear et al. 2005 and CDC 2004) conclude that reducing lead levels from 15 to 5 is associated with a 1 to 6 point increase in verbal IQ (with an average around 3 points). There is some evidence of a non-linear effect, with larger effects at lower levels of lead. Table 3A , column 3, whether the home has/will ever receive a certificate, year of birth and month of birth, and census tract FE. The null hypothesis for the Hausman test is that the difference in the coefficients is not systematic. The test statistics indicate that the IV1 and OLS coefficients are different, but that the IV2 and OLS coefficients are not.
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